This paper develops a methodology to determine the impacts of high penetration level of fully electric vehicles (FEVs) charging loads on the thermal ageing of power distribution transformers. The method proposed in this paper is stochastically formulated by modelling the transformer life consumption due to FEVs charging loads as a function of ambient temperature, start time of FEVs charging, initial state-of-charge and charging modes. FEVs loads are modelled using the results from an analytical solution that predicts a cluster of FEVs chargers. A UK generic LV distribution network model and real load demand data are used to simulate FEVs' impacts on the thermal ageing of LV power distribution transformers. Results show that the ambient temperature, FEVs penetration level, and start time of charging are the main factors that affect the transformer life expectancy. It was concluded that the smart charging scenario generally shows the best outcome from the loss of life reduction perspective. Meanwhile, public charging which shifts a large percentage of charging load to commercial and industrial areas can significantly alleviate the residential transformer loading thus has little impact on the loss of life of transformers. The proposed method in this paper can be easily applied to the determination of the optimum charging time as a function of existing loads, and ambient temperature.
I. INTRODUCTION
ULLY Electric Vehicles (FEVs) hold the promise, if widely adopted, of drastically reducing carbon emissions from surface transport and could, therefore, form a major thrust in the global efforts to meet the emissions reduction targets. In order to make a significant impact on CO 2 , FEVs must become a mainstream option for the majority of motoring public. Otherwise, their impacts will be limited and the ability to achieve the global CO 2 emission reduction targets will severely be compromised.
With increasing number of FEV connected to power systems for charging, there is a concern that existing Kejun Qian distribution networks may become more heavily loaded than anticipated when they were designed. Low level of penetrations may result in little impact but, as the numbers increase, there could be a real possibility of local distribution networks being overwhelmed. Various studies have been carried out to evaluate whether the existing electricity network and generation capacity could accept the widespread adoption of FEVs [1] [2] [3] [4] . These studies concluded that existing/planned generation capacities are sufficient to meet the additional demand according to the modelled penetration level of FEVs and also highlighted that FEVs pose little impact to the existing electricity network if proper load management strategies can be put in place. However, this may not be the case in local distribution systems in the UK, where ageing and overloading of distribution plants have already become a significant problem, as most of the distribution transformers and cables were installed between 1950s and 1960s [5] .
Distribution systems are designed to deliver electricity to the final customers and their sizing is usually based on an estimated electricity demand. As FEVs still represent a small niche market hardly exceeding 1% of the passenger car market today, the Distribution Network Operators (DNOs) have very limited experience or knowledge of managing high penetration of FEVs charging loads. Therefore, there is a general need to develop modelling techniques to help quantify the effects that high penetration level of FEV charging loads may have on distribution networks and thus ensure that this environmentally benign technology is not unnecessarily constrained. Power transformers are vital links in distribution systems which are soon to experience unprecedented loads from FEV charging. Furthermore, transformers in their present form will likely continue to be in service in power systems for many decades to come due to its widespread use and inherent high reliability in its simplicity. Therefore, the impacts of typical smart grid operations such as FEV charging activities must be assessed accurately for transformer health and performance considerations.
The present authors [6] have developed detailed models of FEV battery charging loads by taking into account the probability in battery state-of-charge (SOC) and start time. Detailed analysis was presented in [6] regarding the FEVs charging loads on distribution networks, however, the effects of FEVs charging loads on distribution plants such as
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Electric Vehicles Charging Loads on the Thermal Ageing of Power Transformers Kejun Qian, Jiaqing Zhao, Chengke Zhou, S.Member, IEEE, FIET, Yue Yuan, Member, IEEE F transformers and cables were not taken into account. Staats et al. [7] [8] and Orr et al. [9] developed statistical models for predicting the effect that widespread FEVs battery charging will have on distribution system net harmonic currents and harmonic voltage levels, respectively. Again, the work presented in [7] [8] [9] focused on the overall distribution system, rather than on the individual distribution plants. Gόmez et al. [10] developed a program to assess transformer life consumption due to additional FEV charging loads in distribution systems by modelling the transformer life as a function of the battery characteristics and charging algorithm. The work reported in [10] highlighted the relationship between the transformer life consumption and the total harmonic distortion (THD) of the battery charger current. However, the battery charging load, which is the key of the modelling was oversimplified by assuming all FEVs have the same charging start time and the same charging duration. This paper presents a methodology to evaluate the effect of FEVs charging loads on the thermal ageing of power distribution transformer. The method accounts for the probabilities of FEVs battery charging loads, i.e., the randomness of individual charger start-time, initial batterystate-of charge (SOC), and charging modes.
II. MATHEMATICAL MODELLING

A. Modelling of electric vehicle charging loads
FEVs are additions to existing load. They are distinctly different from other electrical loads due to their nature in high mobility and unpredictability. There are mainly three key factors which may influence the effect of FEVs on distribution networks, namely the charging characteristics of the electric vehicles, FEVs user profile and FEVs battery charger.
 Fully electric vehicles
FEVs penetration level There are many opinions regarding the future take-up of FEVs. This is an issue which is very difficult to predict, as considerable uncertainties surround the degree to which FEVs will penetrate the transport sector. The potential number of FEVs on UK roads is predicted to be one million by 2020. One study in 2010 forecasted that FEVs will overtake hybrid vehicles in UK market share and will reach a combined total over 20% by 2020 [11] .
It is clear, however, that irrespective of the percentage penetration level of the FEVs market, electric utilities must be prepared to accept this load. In this paper, the FEVs penetration level will be assumed to increase from 0% (base case) to a maximum value for case studies. As a starting point, we will look at 1% of penetration, a figure for the near term, which could be achieved within the next five years. In the UK, this translates to 284,000 FEVs (there are approximately 28.4 million cars registered in the UK by the end of 2010 [12] ). It is assumed that the number of registered vehicles in the UK will remain fairly constant over the studied period of time.
Battery types Lead acid, nickel metal hydride (NiMH) and lithium-ion are the three main types of batteries for electric vehicles. Recently, FEVs are becoming increasingly attractive with the advancement of lithium-ion battery technology which has higher power and energy density. Due to the fact that lithium-ion batteries dominate the most recent group of FEVs in development, it is assumed in this paper that the studied FEVs employ lithium-ion batteries. A generic charging characteristic for lithium-ion battery will be outlined in the Section of -FEVs battery charger and charging profile.‖  FEVs user profile
Since not all FEVs start charging simultaneously, it is assumed in this paper that, the time of switching on an individual charger is a random variable, with a probability density function (pdf) f(t), which is determined by the electricity tariff, the pattern of vehicle traffic and the charging characteristics. The initial state-of-charge (SOC) of the FEV battery before recharging (i.e., residual capacity since last charge) is also assumed to be a random function of the total distance it travels since it was last charged. The initial SOC, E i can be assumed therefore as a probability density function of h(E), where E is the SOC, which varies from zero to the full capacity of the battery.
Initial state-of-charge before recharging In order to determine the variation of FEVs battery charging power demand with time during a recharge cycle, a statistical distribution of the initial state-of-charge before recharging is needed. This is because the FEVs charging curve depends on the initial state-of-charge before recharging.
According to the general information available on personal automobile travel [13] , for private cars, the daily travel distance subjects to a normal distribution with a mean of 22.3 miles and a standard deviation of 12.2 miles.
Given the average daily travel distance, the SOC at the beginning of a recharge cycle (residual battery capacity) can be estimated using Equation (1), assuming that the SOC of a FEV drops linearly with the distance of travel.
(1 ) *100%
where E i represents the initial SOC of an FEV battery, d is the daily distance travelled by a car, which is a random variable, α is the number of days the FEV has travelled since last charge, d R is the maximum range of the FEV. A typical value for d R is 100 miles [14] . Assuming all private FEVs are recharged once every two days and that recharge is carried to completion. The probability density function h for the initial battery SOC is given by Equation (2), which is derived from Equation (1) and the distribution of daily travel distance obtained from [13] . 
This model has taken into account the effect of the interval in number of days between recharge of a FEV battery on the initial SOC. The initial SOC has a mean 44% after two days' travel for private FEVs.
Start time of battery recharging The start time of battery charging, determined by the purpose of the use of the FEVs and by the electricity tariff rate structure, has an element of randomness.
It is assumed in this paper that private FEVs are mainly for commuting purpose and the distribution of FEVs trips (shown in percentage of daily traffic versus time of day) complies with the figure shown in Figure 1 . It can be observed that there are two peaks for weekdays, the morning peak (8.00am-09.00am) and the evening peak (5.00pm-6.00pm), while there is one peak (12.00am-1pm) for weekends [15] . The FEV load demand can be dictated to some extent by the electricity tariff structure. In this paper, three types of typical electricity tariff structures are given consideration: fixed electricity rate, time-of-use electricity rate, and real-time electricity rate. The fixed electricity rate refers to the tariff in which energy charge per kWh remains constant regardless of the time of use. Time-of-use electricity price divides the tariff into two main blocks: off-peak and on-peak price [16] . The real-time price, i.e. the electricity rate per kWh varies by time of day and month of year [17] [18] , as shown in Figure 3 , is based on the wholesale price in the UK [19] . These ignore any capital recovery or standing charge element to the tariff structure. Figures 1 and 2 will be used to determine the percentage of FEVs to be charged at each time instant.
To account for the future changes to the electricity tariff and regulation of FEV charging loads, four FEV charging scenarios have been developed in this paper, comprising uncontrolled domestic charging, uncontrolled domestic offpeak charging, smart domestic charging, and uncontrolled public charging. Among the four scenarios, uncontrolled domestic charging represents the ‗worst case', where all FEVs start charging when drivers arrive home at the peak load time. Uncontrolled domestic off-peak charging reflects the effect of price incentives on the charging of FEVs. Smart charging represents a future charging scenario where smart metering and advanced communication techniques are widely used in FEV battery charging systems. Uncontrolled public charging is a more realistic charging scenario where FEV owners are able to charge at both the workplace and at home.
 FEVs battery charger and charging profile
Most electric cars used conductive coupling to supply electricity for recharging after the California Air Resources Board settled on the SAE J1772-2001 standard. In Europe, the IEC 61851-1 charging modes are used to classify charging equipment. The charging modes for conductive charging of electric vehicles include Mode 1, Mode 2, Mode 3 and Mode 4, shown as below in Table I . 
For UK residential customers, due to the 60A maximum fuse that is typically installed in UK households [21] , the most likely level of charger belongs to Modes 1 and 2. Most people do not usually require fast recharging because they have enough time, six to eight hours (depending on charge level) during the work day or overnight at home to recharge, in order to avoid the inconvenience of visiting a public charging station. In addition, fast charging can result in Lithium plating of the anode due to the inability of the intercalation layers to accommodate the Lithium ions quickly enough, consequently shortens battery cycle life. In this paper, it is assumed that those FEVs charging at home employ Modes 1 and 2 to recharge their batteries, while those charging at public charging stations employ Modes 3 and 4 (fast charging).
Time (hours)
Charging power (kW) Charging profiles for FEVs can vary depending on several parameters: battery type, charging mode (level) and the electricity supply network. As above mentioned, this paper assumes that FEVs batteries are based on lithium-ion battery technology. The main focus here is on the power demand for charging FEV batteries. We adopt a generic model of FEV battery charging profiles based on actual data and simplify it by linearising piecewise the charging profile. The charging profile is displayed in Figure 3 , according to [3] , [7] , [10] and [22] .
It can be seen from Figure 3 that when the battery state-ofcharge is low, the charger operates at rated current, which enables a large percentage of the battery charge being restored during the first charging hours. This continues until the battery voltage reaches its gassing limit, at which time current drops as the charger maintains a constant voltage. The model profile can be mathematically expressed as,
where P(t) is the charging power in kW, P FEV is the rated charging power in kW, which varies depending on the charging mode. P FEV = 3.5kW is assigned for charging Mode 1, as the maximum domestic socket in Europe is 3.5 kW. Mode 1 is assumed to fully recharge a FEV battery within eight hours. P FEV = 6.6kW is assigned for charging Mode 2, as this is the usual value for commercial FEVs up to date. Mode 2 is assumed to be a double speed charger compared to Mode 1, i.e., it aims to complete recharge in four hours. P FEV = 40kW is assigned for charging Modes 3 and 4, in order to achieve the fast charging target that a 25kWh battery pack can be charged to 80% capacity in about 30 minutes. t 1 and t 2 are time instants that determine the variations in charging power magnitude. Values of t 1 and t 2 are listed in Section 4.B.
In practice, the exact charging characteristics of a lithiumion battery, even under simplified conditions, is a complex function of numerous interdependent phenomena of battery state of charge (SOC), ambient temperature and charger type. In this paper, the effect of ambient temperature on the FEV battery charging characteristics is not taken into account. With respect to the effect of SOC on the charging profile, it is reasonable to expect that for a partially charged/discharged battery, charger power follows a time-shifted original power curve. In other words, the charger begins charging at a point indicative of its initial SOC so that the area under the charging power curve to the right of the starting point equals the energy required by the battery.
B. Impact of electric vehicle charging loads on transformer thermal ageing
This part aims to determine the mathematical relationship between transformer thermal ageing and FEVs charging loads.
Three mechanisms contribute to the insulation ageing or deterioration in transformers: hydrolysis, oxidation and pyrolysis. Therefore, insulation ageing or deterioration is a time function of temperature, moisture content, and oxygen content. The moisture and oxygen can be controlled by modern oil preservation systems, leaving insulation temperature as the controlling parameter. Since the temperature distribution in most transformers is not uniform, the part operating at the highest temperature will undergo the greatest deterioration. Therefore, in ageing studies it is usual to consider the ageing effects produced by the highest (hot-spot) temperature.
Due to the fact that transformers are mainly loaded with different current and at different ambient temperature, the hotspot temperature is not constant and there is a strong practical interest for the functional dependence of ageing from the hotspot temperature.
A method for determining the equivalent transformer life (in hours and days) at the reference temperature that will be consumed in a given time period is presented in the IEEE Std C57.91-1995 [23] . In order to account for the variations in both ambient temperature and load demand levels, it is necessary to discretise the load profile with time intervals ∆t for the 24-hour period. According to [23] , the equivalent ageing factor for a time period of interest can be expressed as, 
where F EQA is the equivalent ageing factor for the time period of interest, n is the index of time interval. N is the total number of time intervals, which is taken as 48 for the number of halfhourly time intervals in a day. ∆t is the time interval, ∆t n =30 mins, and F AA,n is the ageing acceleration factor for the temperature which exists during the time interval ∆t n . F AA,n can be expressed in Equation (5) 
where Θ H,n is the winding hot-spot temperature during the time interval ∆t n in degree Celsius. Therefore, the per cent loss of transformer life due to the presence of FEVs charging loads can be expressed as below, () 100%
where ∆L is per cent loss of transformer life due to the presence of FEVs charging loads, F EQA-EV and F EQA-NEV are the equivalent ageing factors with and without presence of the FEVs charging loads, respectively, for the total time period t in hours, L N is the rated insulation life in hours.
It can be observed from Equation (5) that the equivalent ageing of transformer is a function of hot-spot temperature, which can be determined as follows.
At each time interval ∆t n for the total studied time period t, the hot-spot temperature is assumed to consist of three components given by Equation (7) 
where Θ A,n , ∆Θ TO,n , and ∆Θ H,n are the ambient temperature, the top-oil rise over ambient temperature, and the winding hotspot rise over top-oil temperature, respectively, during the time interval ∆t n in degree Celsius. Θ A,n can be determined by the ambient temperature profile over time. The top-oil temperature rise (∆Θ TO,n ) at a time after a step load can be expressed by 22 ,, ,,
TO,R is the top oil rise over ambient temperature at rated load, K U,n is the ratio of the load at the end of any time interval of length ∆t to the rated load in per unit. K i,n is the ratio of the load at the beginning of any time interval of length ∆t to the rated load in per unit. R stands for the ratio of load loss at rated load to no-load loss, and p an empirically derived exponent to account for effects of change in resistance with change in load.
It can be observed from Equation (8) 
, ,
where ∆Θ H,U and ∆Θ H,i are the ultimate and initial hot-spot temperature rise during the time interval ∆t n in degree Celsius, ∆Θ H,R is the rated value of hot-spot rise over top oil, τ w is the winding time constant at hot spot location in hours, m is the empirically derived exponent to account for changes in resistance and oil viscosity with changes in load.
It can be observed from the Equations (9) that the winding hot-spot rise over top-oil temperature is a function of K U,n , and K i,n , due to the fact that ∆Θ H,R and m are constants for a specific transformer. It can therefore be concluded from Equations (7)-(9) that the hot-spot temperature, which determines the ageing of transformer, is a function of ambient temperature and load demand levels, ,,
where f(•) is a mathematical function of the hot spot temperature regarding ambient temperature and load levels. This function provides the mathematical basis to study the impact of FEVs charging loads on the thermal ageing of transformer.
III. METHODOLOGY
The method for the study is summarised in Figure 4 . The first step is to read data for the study, including distribution network data, FEVs data and ambient temperature data. The distribution network data includes the load demand data and transformer thermal characteristics. FEVs data includes the FEVs charging start times, the individual FEVs charging characteristics, the initial state-of-charge (SOC) before recharging, and the FEVs charging modes. The FEVs loads can be stochastically formulated by accounting for the randomness in the FEVs data set. Next, the hot-spot temperature without FEVs charging loads is determined in order to calculate equivalent ageing factor at the base case. Subsequently, a penetration level of FEVs is selected to calculate the transformer load with inclusion of FEVs charging loads. The hot-spot temperature with FEVs charging loads can then be determined in order to calculate the equivalent ageing factor of transformers for each penetration level. By increasing the penetration level from 0% to 50%, a curve will be generated showing the losses of transformer life over a period of time. Figure 5 shows the schematic to determine the FEVs charging loads, by taking into account the stochastic nature of FEV owners' charging behaviours, i.e., initial state-of-charge before recharging, start time of FEVs charging, and FEVs charging modes. Detailed mathematical models to determine charging power demand of multiple EVs can be found in the work previously presented by the authors [6] [24] . The models take into account the stochastic nature of EVs charging. Figure 6 A 33/11/0.4kV residential distribution system used in the simulation Figure 6 shows a generic urban distribution network, which was assessed by a number of Distribution Network Operators (DNOs) and considered as a representative of urban UK distribution networks [25] .
IV. SIMULATION, RESULTS AND DISCUSSIONS
The system consists of a 500MVA 33kV three-phase voltage source, two 33/11.5 kV 15 MVA YY0 transformers, an 11kV substation and six 11kV outgoing feeders (F 1 , F 2 , F 3 , F 4 , F 5 and F 6 ). It is assumed that the first three feeders F 1 , F 2 , and F 3 are symmetric to the other three feeders F 4 , F 5 and F 6 . We assume F 4 supplies industrial loads, F 5 supplies commercial loads, while F 6 serves residential loads. Due to the unavailability of detailed data for the industrial feeder F 4 , and the commercial feeder F 5 , the loads at these two feeders are simplified as two lumped loads, while the residential feeder F 6 is modelled in detail. F 6 represents a 1.875 miles cable supplying eight 11/0.433kV distribution transformers and 400V substations. Each 400V substation supplies four outgoing feeders, each 0.1875 miles long, with a total of 384 domestic single-phase house loads, distributed equally among the feeder cables. Three of the 400V feeders are represented as lumped load while only the fourth being represented in detail.
B. Input data for the simulation
A program is developed to assess the impact of FEVs charging loads on the thermal ageing of distribution transformer based on the methodology presented in this paper. The program calculates the hot-spot temperature and life consumption due to the FEVs charging loads on a half-hourly basis. The following data are used in the calculation. 6 10 16 Fig. 7 Normalised load patterns of three load classes in winter in the UK Half-hourly load demand data for the studied distribution system for a Calendar year Figure 7 shows the normalised load patterns of three load classesresidential, industrial and commercial in the UK [26] .
It is assumed the load data given here is for winter (December to February) average data, a factor of 0.82 will be assigned for Spring average load, while 0.72 and 0.83 for summer (June to August) and autumn (September to November) average load, respectively, based on the statistical results from UK National Grid operational data [27] .
Half-hourly ambient temperature data for a Calendar year Half-hourly ambient temperature data were derived from the UK Meteorological Office for central Scotland, UK for year 2010 [28] .
FEVs penetration level FEV penetration level is defined as the ratio of FEVs to the total number of vehicles in the studied region to which the distribution system supplies power. As stated in Section 2, FEVs penetration level varies from 0% (base case) to 50%.
FEVs customer charging behaviours, i.e., battery charging load profile, start time of FEVs charging, initial state-ofcharge before recharging and preference of charging modes. Lithium-ion battery charging profile is shown in Figure 3 . Parameters of the charging curve for a 25-kWh battery are shown in Table II . Among the 28.4 million registered cars in the U.K. in 2010, about 96% were privately owned and 4% were companyowned [29] . Private cars are mainly used for commuting, shopping, visiting, escorting, and leisure, most of which are flexible in time. Company cars are used mainly for commuting and business, both of which are considered inflexible and employed more frequently than private cars. It is reasonable to assume that the proportion of ownership and usage of cars as outlined above also hold for FEVs.
Thermal characteristics of distribution transformers Input to the program which computes the losses of life due to FEV charging loads consists of the following: a) repetitive 24h load cycles, b) 24h ambient temperature, and c) transformer thermal characteristics. Detailed characteristics are assumed according to [30] and [31] in Table III below. In this scenario, it is assumed that there is no incentive for FEV owners to avoid peak time charging, i.e., a fixed electricity rate is employed. In this ‗worst case' scenario, half of FEVs (FEVs are assumed to charge every two days on average) at nearly the same time (at 19.00). It is assumed in this scenario that half the FEVs to be charged will employ Mode 1 for charging; while the half employs Mode 2. Figures 8 and 9 show the power load of the 11/0.433 kV transformer (Transformer T1) and the 33/11.5kV transformer (Transformer T2), with inclusion of FEV charging load over 24 hours for Scenario A. Figure 8 that in the ‗worst case' charging scenario FEV charging load imposes a significant increase on the peak load, due to the uncontrolled charging load for both summer and winter weekdays. Results show that FEVs result in a higher peak load in a typical winter weekday than that of a typical day in summer, due to the larger portion of heating load in winter. Such a significant increase in peak electricity demand will significantly impact on local distribution systems with respect to capacity limit and thermal ageing. This suggests the need to devise and provide proper incentives to achieve distributed charging load during the offpeak hours, even at low levels of FEV penetration. Results shown in Figure 9 indicate a lower percentage of peak load increase imposed by FEVs charging load, due to the larger base load of the transformer. Table IV shows the loss of life (LOL) of the 11/0.433kV transformer (Transformer T1) and the 33/11.5kV transformer (Transformer T2), respectively under uncontrolled domestic charging for typical weekday load profiles in summer and winter respectively. ∆L denotes the LOL as a result of extra FEVs charging load imposed on the transformers for various penetration levels ranging from 0% to 50%. In Table IV , the first result that claims attention is the trend of LOL which are monotonically increasing. This means that, as expected, the LOL of the transformer generally increases as the penetration level of the FEVs increases. This trend has appeared in all of the scenarios. It can be observed that with a 50% penetration of FEVs in summer, the daily LOL of T1 can reach 0.0245% due to the FEVs charging load, which translates to 44.1 hours. The uncontrolled increase in LOL and ageing acceleration will add to the maintenance requirements and will likely lead to early replacement of transformers. Although load levels in winter is generally greater than those of summer, as can be seen from the table, the LOL of the analyzed transformers in summer is higher than that in winter, due to the much higher ambient temperature in summer. Results also show that due to the larger capacity, the loading relative of its capacity of the 33/11.5kV transformer T2 is much lower than that of T1. This consequently results in a much lower value of LOL.  Scenario B. Uncontrolled domestic off-peak charging In this scenario, time-of-use (TOU) electricity rate structure is adopted to reflect the existence and possible introduction of new policies to encourage FEV owners to recharge vehicles during the off-peak time. In this paper, the peak load time is defined as from 7.00 am to 8.59 pm, while off-peak load time is defined as from 9.00 pm to 6.59 am. Figures 10 and 11 show the load of T1 and T2, with inclusion of FEV charging over 24 hours for Scenario B. It can be seen from Figures 10 and 11 that under the uncontrolled off-peak domestic charging scenario, there is a significant increase of load demand between 9.00 pm and midnight consequently introduces a new peak to the load profile. This is because that although the time-of-use electricity tariff can shift most of the FEV charging loads to off-peak load time in this scenario, the assumed flat off-peak electricity price is unable to encourage FEV users to charge their vehicles at a later time near midnight. The rest of charging loads from midnight to early morning are comfortably absorbed by the whole system without an increase to peak demand. Table V shows the loss of life of the two transformers under uncontrolled domestic off-peak charging for a typical weekday in summer and winter respectively. Table V show that while the given coordination approach is beneficial in overall system load levelling and peak shaving, high FEV penetrations may still result in significant increases in individual transformer loads that may exceed their ratings. Therefore, the night time loading of FEV in charging coordination may not be so favorable if high FEV penetrations prevent sufficient transformer cooling overnight. This may in the long run impact transformer service life.  Scenario C. Smart domestic charging
In this scenario the real-time electricity rate is employed to determine the most economic start time of FEV battery charging. It was envisaged that there will be an active management system based on two hierarchical control structures, one headed by an Aggregator and other by the system operators (DNO). Further it was assumed that FEV charging is controlled according to the Aggregator's market negotiations or according to the need of the system operators. Compared with previous charging, -smart‖ charging represents a shift of FEV charging load from the system peak demand time to the valley hours. Figures 12 and 13 show the power load of T1 and T2, with inclusion of FEV charging load over 24 hours for Scenario C. The charging load at each time instant is the result of the optimal distribution of start time. Results in Figures 12 and 13 show that at 1.00 am, the proportion of FEVs starting charging has its largest value. From the electric utility operation aspect, the potential of FEVs smart charging to fill in the valley in the load curve will result in more electricity sales for the same system capacity. Table VI shows the LOL of the two transformers under smart domestic charging for a typical weekday in summer and winter, respectively. In this scenario, among FEVs, a proportion of 50% will be recharged at the owners' workplaces in industrial areas, while 30% is allowed to recharge at the owners' workplaces in commercial areas, the rest 20% of FEVs will be charged at home. Figures 14 and 15 show the power load of transformers T1 and T2, with inclusion of FEV charging load over 24 hours for Scenario D. Figure 14 shows the load profile of T1 under the scenario of uncontrolled public charging. It can be observed that due to the shift of FEVs charging loads to industrial and commercial areas, the left charging loads in residential areas does not form significant increase in load demand. However, the shift of FEV charging loads to industrial and commercial areas may cause new peaks of load demand for these two areas, due to the nature of these two loads, shown in Figure 15 . This means that the existing industrial and commercial loads may not absorb FEV charging load without exceeding the natural peak load if all FEVs start charging at the same time. Table VII shows the LOL of T1 and T2, under uncontrolled public charging for typical weekday load profiles in summer and winter respectively. As can be seen from Table VII , the seasonal LOL of T1 is reduced by shifting a large percentage of charging loads to commercial and industrial areas. However, results in the table show that transformer T2 suffers from being overloaded due to the uncoordinated charging in industrial and commercial areas. 
D. Discussions
This paper is focused on developing a methodology to model FEV charging load and the resulting impact on the thermal ageing of transformers. It has not taken into account the heating due to current harmonic content, high-frequency eddy-current loss in the copper or aluminium of the windings. This may result in an underestimation of the LOL due to FEV charging as harmonics of non-sinusoidal charging current generated by the electronic devices in the charger may cause temperature rise in transformers, thus worsens the LOL. However, it is assumed in this paper that a proper harmonics filter is installed at the charger side to prevent harmonic current from flowing into transformers.
Another simplification was also made in this paper that only charging scenarios during weekdays are considered. It is expected that the seasonal LOL of the analysed transformers may be lower in weekends because of the distinct behaviour of customer loads in these days. In fact, it is less probable for people to be present at home or work over weekends. As a result, their power consumption may be less than that during weekdays. Thus, the transformer would suffer lower loss of its useful life in weekends than weekdays.
V. CONCLUSIONS
This paper presents a detailed methodology to quantity the increase in power transformers' loss of life as a result of the charging loads introduced to distribution systems by FEVs. Detailed mathematical models which take into account the stochastic nature of FEVs charging are developed and applied into the detailed transformer thermal model, which takes into consideration of all the major factors that determine transformer loss of life. Four FEV charging scenarios, named uncontrolled domestic charging, off-peak domestic charging, smart charging and uncontrolled public charging were simulated under various FEV penetration levels to investigate the effect of FEV charging load on the additional life consumption of power transformers. Through simulations and analysis, the paper comes into the following conclusions,  The loss of life of a transformer depends on the effective values of load and temperature in each time instant. Results showed that high penetration of FEVs can have significant impact on power transformers' life particularly in the case with poor coordination of charging times. Conversely, low penetration of FEVs is not detrimental to the transformer life.  It is highlighted in the paper that although overnight offpeak charging alleviates the loading of transformers, the nighttime charging may not be so favorable if high FEV penetrations prevent sufficient transformer cooling overnight. This may in the long run impact transformer service life.  By analysing the results, it was concluded that the smart charging scenario generally shows the best outcome from the loss of life reduction perspective. Meanwhile, public charging which shifts a large percentage of charging load to commercial and industrial areas can significantly alleviate the residential transformer loading thus imposing little impact on the LOL. Results also show that the LOL of example transformers varies dramatically over various seasons of the year under the same FEV loading conditions. The values of the LOL due to FEV charging in the summer tend to be higher than the winter LOL rate.
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